Ecological studies of species pairs demonstrated that biotic interactions promote 19 phenotypic change and eco-evolutionary feedbacks. However, we have a limited understanding 20 of how phenotypes respond to interactions with multiple taxa. We investigate how interactions 21 with a network of prey species contribute to spatially structured variation in the skin toxins of the 22
Introduction 32
Phenotypic variation within species, an essential component of evolutionary theory, has 33 received increased attention by ecologists (Bolnick et al., 2011; Vildenes and Langangen, 2015) . 34 This interest has been chiefly motivated by evidence showing that phenotypic change, both 35 adaptive and plastic, can happen within contemporary time scales and thus has consequences for 36 ecological processes (Shoener, 2011; Hendry, 2015) . Changes in trait frequencies can affect 37 survival and reproduction and ultimately determine population density and persistence of a given 38 species. In turn, these demographic changes may influence community-level and ecosystem 39 functions such as nutrient cycling, decomposition, and primary productivity (Miner et al., 2005; 40 Pelletier et al., 2009; Post and Palkovack, 2009 ). This interplay between evolutionary and 41 ecological processes, or 'eco-evolutionary dynamics', has brought phenotypes to the center of 42 ecological research (Hendry, 2015) . 43
Several studies focusing on interacting species pairs have demonstrated that population-44 level phenotypic change can originate from biotic interactions, leading to geographic trait 45 variation within species. For instance, different densities of Killifish predators in streams lead to 46 distinct morphological and life history traits in their Trinidadian guppy prey (Endler, 1995) . In 47 western North America, levels of tetrodotoxin resistance in garter snake predators can match 48 toxicity levels in local populations of tetrodotoxin-defended newt prey (Brodie et al., 2002) . By 49 focusing on the associations between two species, these studies have provided crucial insights 50 into how interactions can lead to trait divergence and potentially shift the evolutionary trajectory 51 of natural populations (Post and Palkovack, 2009; Hendry, 2015) . The resulting trait diversity 52 can have broad ecological consequences, altering the role of species in the ecosystem at a local 53 scale (Palkovacs et al., 2009) . 54 5 To address the question of how interactions among multiple organisms contribute to 78 spatially structured phenotypes, we investigate how prey assemblage turnover and evolutionary 79 divergence among populations predict the rich spectrum of toxins secreted by poison frogs. We 80 focus on the well-studied toxin profiles of the strawberry poison frog, Oophaga pumilio, which 81 exhibits over 230 distinct alkaloids over its Central American range (Daly et al., 1987 (Daly et al., , 2002 82 Saporito et al., 2006 82 Saporito et al., , 2007a . First, we develop correlative models that approximate the spatial 83 distribution of toxic ants, a crucial source of alkaloids for poison frogs (Saporito et al., 2012; 84 Santos et al., 2016) . Then, we apply Generalized Dissimilarity Modeling (GDM) (Ferrier et al., 85 2007) to assess the contribution of projected ant assemblage turnover to chemical trait 86 dissimilarity among sites that have been screened for amphibian alkaloids, thus treating these 87 toxins as a "community of traits". To examine the effects of evolutionary relatedness, we 88 implement a Multiple Matrix Regression approach (MMRR) (Wang, 2013) pooling data from individuals. As such, we do not focus on potential short-term individual 104 fluctuations in toxin composition (Saporito et al., 2006) , but instead on variation tied to spatial 105 gradients. To match the finest resolution available for the data grid predictors (see below), we 106 combined alkaloid data within a 1 km 2 grid cell. The final dataset included 230 alkaloids from 21 107 structural classes in 46 grid cell sites ( Fig. 1 (Ritter 122 et al., 1973; Wheeler, 1981; Jones et al., 1982a Jones et al., ,b, 1988 Jones et al., , 1996 Jones et al., , 1999 Jones et al., , 2007 Jones et al., , 2012 Product, and Threshold. As regularization multipliers, we tested values ranging from 0.5 to 5 in 157 0.5 increments (Shcheglovitova and Anderson, 2013; Brown, 2014 ). For each model, the best 158 parameter combination was selected using AICc. Based on this best combination, we generated a 159
final SDM for each ant species (parameters used in all SDMs are presented in the Supplementary 160
Information 4). 161
To estimate a matrix of prey assemblage turnover based on ant distributions, we 162 converted SDMs to binary maps using the 10 th percentile presence threshold. We then extracted 163 presences for each ant species at sites sampled for frog alkaloids using the raster R package 164 We used the compiled database of alkaloids per site as the base of our GDMs. As 182 predictor variables, we initially included geographic distance and all 68 individual models of ant 183 species distributions at a 1 km 2 resolution. To select the combination of predictors that contribute 184 the most to GDM models while avoiding redundant variables, we implemented a stepwise 185 backward elimination process (Williams et al., 2012), as follows: first, we built a model with all 186 predictor variables; then, those variables that explained less than the arbitrary amount of 0.1% of 187 the data deviance were removed iteratively, until only those variables contributing more than 188 0.1% were left. 189 10 To visualize estimated alkaloid turnover on geographic space from GDM outputs, we 190 applied multidimensional scaling on the resulting dissimilarity matrices, following the procedure 191 outlined above for the ant SDMs. To test the effect of population evolutionary divergence on poison composition of O. 211 pumilio, we implemented a Multiple Matrix Regression with Randomization (MMRR) approach 212 11 in R (Wang, 2013) . To allow comparisons between genetic divergence and prey composition, we 213 also included a matrix of ant assemblage dissimilarity as a predictor variable in MMRR models. 214
As response variables, we focused on two distinct alkaloid datasets, namely individual alkaloids 215 (n = 230) and alkaloid structural classes (n = 21). Additionally, to account for variation in poison 216 composition resulting from ingestion of arthropod sources other than ants (i.e., mites, beetles, assemblages had a significant effect on individual alkaloid composition dissimilarity (p < 281 0.0001; R 2 = 0.13) (Fig. 3b ), a result that changed little when considering only those alkaloids 282 from classes known to occur in ants (p < 0.0001; R 2 = 0.11). Similarly, estimated alkaloid-283 bearing ant assemblages had a significant yet weak effect on the dissimilarity of alkaloid 284 structural classes among sites (p = 0.002; R 2 = 0.05), a result that held when considering only 285 alkaloids classes known to occur in ants (p = 0.007; R 2 = 0.03). 
Evolutionary relatedness and phenotypic similarity 336
In addition to the contribution of prey assemblages, the results support that phenotypic 337 similarity between populations also varies with evolutionary relatedness. MMRR analyses 338 indicated that population genetic divergence has a significant effect on alkaloid beta diversity in 339 O. pumilio, an effect that may reflect physiological or behavioral differences. For instance, 340 feeding experiments support that poison frog species differ in their capacity for lipophilic 341 alkaloid sequestration and that at least a few species can perform metabolic modification of 342 ingested alkaloids (Daly et al., 2003 (Daly et al., , 2005 (Daly et al., , 2009 ). Additionally, an effect of evolutionary 343 divergence on toxin profiles may stem from population differences in foraging strategies or 344 behavioral prey choice (Daly et al., 2000; Saporito et al., 2007a) . Importantly, however, MMRR 345 suggested that genetic divergence accounts for less variation in the defensive phenotypes of O. 346 pumilio than alkaloid-bearing prey. 347
We employed genetic distances from a neutral marker as a proxy for shared evolutionary 348 history, and do not imply that this particular locus contributes to variation in frog physiology. An 349 assessment of how genetic variants influence chemical trait diversity in poison frogs will rely on 350 sampling of functional genomic variation, for which the development of genomic resources (e.g., 351
Rogers et al., 2018) will be essential. Nevertheless, our approach can be extended to other 352 systems where information on both neutral and functional genetic variation is available. Limitations in our knowledge of arthropod chemical diversity may also have affected the 371 analyses. Contrary to our expectations, we found a slight decrease in the explanatory value of 372 models that incorporated only alkaloids from structural classes currently known to occur in ants, 373 a result that may reflect an underestimation of ant chemical diversity. For instance, mites and 374 beetles are thought to be the source of tricyclics to Neotropical poison frogs, but the discovery of 375 these alkaloids in African Myrmicinae ants suggests that they may also occur in species from 376 other regions (Schroder et al., 1996) . As studies keep describing naturally occurring alkaloids, 377
we are far from a complete picture of chemical trait diversity in both arthropods and amphibians 378 (Saporito et al., 2012) . 379
This study demonstrates that incorporating species interactions can provide new insights 380 into the drivers of phenotypic diversity even when other potential sources of variation are not 381 fully understood. It is possible that frog poison composition responds not only to prey 382 availability but also to alkaloid profiles in prey, since toxins may vary within arthropod species 383 Accounting for these other causes of variation will be a challenging task to chemical ecologists. 388
An alternative to bypass knowledge gaps on the taxonomy, distribution, and physiology of these 389 potential toxin sources may be to focus on their environmental correlates. A possible extension 390 of our approach is to develop models that incorporate abiotic predictors such as climate and soil 391 variation, similarly to investigations of community composition turnover at the level of species 392 Associations between prey assemblage composition and predator phenotype provide 396 opportunities for eco-evolutionary feedbacks, the bidirectional effects between ecological and 397 evolutionary processes (Post and Palkovacs, 2009 ). In the case of poison frogs, there is evidence 398 that toxicity correlates to the conspicuousness of skin color patterns (Maan and Cummings, 2011) , 399 which therefore act as aposematic signals for predators (Hegna et al., 2013) . However, coloration 400 patterns also mediate assortative mating in poison frogs (Maan and Cummings, 2009; Crothers and 401 Cummings, 2013) . When toxicity decreases, the intensity of selection for aposematism also 402 decreases, and mate choice may become a more important driver of color pattern evolution than 403 predation (Summers et al., 1999) . Divergence due to sexual selection may happen quickly when 404 effective population sizes are small and population gene flow is limited, which is the case in O. 405 pumilio (Gehara et al., 2013). By affecting chemical defenses, it may be that spatially structured prey 406 assemblages have contributed to the vast diversity of color patterns seen in poison frogs. On the other 407 hand, our GDM approach inferred similar alkaloid profiles between populations of O. pumilio 408 that have distinct coloration patterns (Fig. 4 ). However, it may be challenging to predict frog 409 toxicity from chemical profiles (Daly et al., 2005) , and future studies of this topic will advance 410 our understanding of the evolutionary consequences of poison composition variation. 411 412
Concluding remarks 413
Integrative approaches have demonstrated how strong associations between species can 414 lead to tight covariation among species traits, with an iconic example being that of predator and 415 prey species that engage in "coevolutionary arms races" (Thompson, 2005) . However, it may be 416 harder to assess the outcomes of weaker interactions among multiple co-distributed organisms 417 (Anderson, 2017) . The chemical defense system of poison frogs varies as a function of prey 418 20 assemblages composed of tens of arthropod species, each of them providing single or a few toxin 419 molecules (Daly et al., 2005) . Not surprisingly, it has been hard to predict the combinations of 420 traits emerging from these interactions (Santos et al., 2016) . The landscape ecology framework 421 presented here approaches this problem by incorporating data on biotic interactions throughout 422 the range of a focal species, a strategy that has also improved correlative models of species 
